Breast cancer is a complex disease comprising molecularly distinct subtypes. The prognosis and treatment differ between subtypes; thus, it is important to distinguish one subtype from another. In this chapter, we make use of high-throughput microarray dataset to perform breast cancer subtyping of 10086 samples. Aside from the four major subtypes, that is, Basal-like, HER2-enriched, luminal A, and luminal B, we defined a normal-like subtype that has a gene expression profile similar to that found in normal and adjacent normal breast samples. Also, a group of luminal B-like samples with better prognosis was distinguished from the high-risk luminal B breast cancer. We additionally identified 33 surface-protein encoding genes whose gene expression profiles were associated with survival outcomes. We believe these genes are potential therapeutic targets and diagnostic biomarkers for breast cancer.
Introduction
In many countries, breast cancer remains the most common cancer among women and one of the top leading causes of cancer death in women. Multiple efforts and studies have been directed toward the understanding of the cause and mechanisms leading to breast cancer and to improve the diagnosis and treatment of this disease. To aid its identification and treatment, breast cancer is divided into four major molecular subtypes [luminal A (LumA), luminal B (LumB), HER2-enriched (HER2E), and basal-like (BasalL)] according to hormone receptor status assessed by immunohistochemistry (IHC) [1, 2] .
The luminal types are estrogen receptor positive cancers, and their gene expression patterns are similar to the luminal epithelial cells that line the breast ducts and glands. They can be treated with endocrine therapy and chemotherapy. Luminal A is a low-grade cancer that has the best prognosis, high survival rates and low recurrence rates compared to other subtypes [3] . Patients with luminal B cancer tend to have poorer prognosis and lower survival rates than those with luminal A cancer. In HER2-enriched cancer, the HER2 gene is often overexpressed due to gene duplication. This type of breast cancer is high-grade and fast-growing. Before the discovery of anti-HER2 drugs such as trastuzumab and lapatinib [4, 5] , the treatment for patent of this subtype is limited to chemotherapeutic approaches. The other major subtype is the basal-like breast cancer. The gene expression pattern of basal-like breast cancer is similar to cells in the basal layers of the breast ductal epithelium. Many cases of basal-like breast cancer are also triple-negative breast cancer, which lack estrogen or progesterone receptors and without elevated expression of HER2. The basal-like breast cancer is also high-grade and fastgrowing. Patients diagnosed with this subtype have poorer prognosis and are treated with combination of surgery, radiotherapy and anthracycline/taxane-based chemotherapy [6] .
After the launch of microarray in the early 2000s as an affordable solution to high-throughput quantification of genome-wide gene expression, many research projects begin to use this technology to study breast cancer [7] [8] [9] . Findings derived from microarray studies provide useful biological, prognostic, and predictive information in basic science and clinical practice. One of the applications resulting from microarray analysis is the reclassification of breast cancer samples according to the gene expression patterns of multiple genes [10] .
In this chapter, we present our method of analyzing large public breast cancer microarray datasets and discuss our findings concerning breast cancer subtyping using gene expression signatures. By thoroughly gathering of microarray datasets, we collected gene expression results of 10086 normal breast and breast cancer samples from public depositories. We took advantage of the large sample size to explore the similarities and differences among and within breast cancer subtypes. Through the clustering of this large breast cancer dataset, our aim is to update the subtype labels of these samples and re-define the intrinsic subtypes of breast cancer, as well as to identify genes whose expression profiles are not subtype-specific but can subclassify samples within a given subtype and with prognostic values. By analyzing the functional subgroups of human genes through consensus clustering, we identified specific genes that can subdivide breast cancer subtype and provided useful prognostic information as well as possible genetic clues for breast carcinogenesis.
Processing of gene expression microarray datasets
We explored the two largest public repositories, NCBI GEO (https://www.ncbi.nlm.nih.gov/ geo) and EBI ArrayExpress (http://www.ebi.ac.uk/arrayexpress) for gene expression microarray datasets relating to normal breast tissues and breast cancers. Different microarray platforms produce variations in the final interpretation of gene expression levels due to differences in probe design and detection methods. We chose to obtain experiment conducted using the Human Genome U133A (HG-U133A) and Human Genome U133 Plus 2.0 (HG-U133 Plus 2.0) arrays, as these are the most widely used platforms we found in the databases. Overall, we identified 41 HG-U133A and 62 HG-U133 Plus 2.0 datasets relating to our topic of interest. Redundant and irrelevant arrays were identified and removed. 4952 HG-U133A and 5134 HG-U133 Plus 2.0 arrays, representing 165 normal breast, 193 adjacent disease-free, 5 proliferative breast lesions, and 9723 breast cancer samples, were selected for downstream analysis. The clinicopathological data associated with the samples were also retrieved at the same time if available. In Supplementary Table 1, we list the accession numbers associated with the dataset we collect and used in this study. Due to the different array design and number of probes of HG-U133A and HG-U133 Plus 2.0, the raw data files (.CEL) of the two platforms were imported into the R environment separately. The raw data were normalized using the justRMA function from the affy Bioconductor package with the Robust Multiarray Averaging (RMA) normalization method [11] . The default hgu133a and hgu133plus2 annotation were used to obtain probe-level expression intensities. The intensity of a probe is used to represent the corresponding gene-level expression value. For any given gene detected by more than one probe sets, the probe set with the highest Jetset score is selected to represent its gene-level expression [12] . Then, inSilicoMerging package was used to combine expression intensities from the two microarray platforms and remove batch effect to obtain log2-normalized intensities [13] .
Identification of differentially expressed genes among subsets of samples
Some of the samples were provided with relevant clinicopathological data. We used this information to perform differential expression analysis using the limma Bioconductor package in R [14] . Specifically, we used disease status (normal vs. cancer), receptor status assessed by IHC, and the subtype classification to subset samples and performed differential expression analysis. The aim was to identify a list of candidate genes from these comparisons to be used in breast cancer subtyping. Seven categories of differentially expressed genes sets were defined. Some of the genes were identified in more than one category, for example the estrogen receptor 1 (ESR1) was found in six of the seven categories. The redundant genes were removed, and the remaining 100 unique genes were used to perform sample subtyping with consensus clustering.
Consensus hierarchical clustering using subtype-specific genes
The ConsensusClusterPlus Bioconductor package was used to perform consensus hierarchical clustering on the 10086 samples using the expression intensities of the 100 genes discovered in the previous step [15] . The distance metric used in the clustering was calculated as one minus the Pearson correlation coefficient. The parameters used were: maxK = 6, reps = 1000, pItem = 0.8, pFeature = 1, whereby the clustering was performed 1000 times using the expression of all the genes of randomly selected samples consisting of 80% of the total sample size and with a maximum of six clusters. Figure 1 shows the cumulative distribution functions (CDFs) of the consensus matrix for each number of clusters (i.e. k = 2 to k = 6) on the left and relative change in area under the CDF curves on the right. Both plots were used to help determine the appropriate number of clusters to be selected. 
Breast Cancer -From Biology to Medicine
We assigned the six clusters with names correspond to convention breast cancer subtypes. To visualize the classification result, we used the ComplexHeatmap Bioconductor package to produce heatmap representation of the clustering result [16] . The six clusters were represented with different colors in the heatmap shown in Figure 2 , and they are HER2-enriched (HER2E; leftmost), basal-like (BasalL), normal-like (NormL), luminal A (LumA), luminal B (LumB), and mixed luminal (LumMix; rightmost). The clinical features of the six clusters were presented in Table 1 . The mixed luminal cancer has the most number of samples, and the normal-like cancer has the fewest samples. The patients of the basal-like cancer were significantly younger (median age at diagnosis 49; t test P-value < 2.2e−16), and the mixed luminal patients were significantly older (median age at diagnosis 56; t test P-value = 4.3e−15). These are consistent with previous reports [17] [18] [19] . We compared the subtype assignment by ConsensusClusterPlus with the molecular subtyping by PAM50, SSP2006 and AIMS models using the genefu Bioconductor package (see Tables 2-4 ) [20] . The comparisons showed the four major breast cancer subtypes were present in our analysis. The concordances between different methods on the HER2-enriched and basal-like subtype were higher than other subtypes. The classification of luminal subtypes and normal-like samples were more inconsistent. Based on the heatmap and structure of the dendrogram shown in Figure 2 , the transcriptome profiles of HER2-enriched and basal-like breast cancers were more distinctive compared to other subtypes. Hence, the clustering results of these two subtypes were more consistent than other subtypes using different methods. The ConsensusClusterPlus assignment is most similar to that produced by the PAM50 model, whereas SSP2006 and AIMS models have classified many samples as HER2-enriched but were determined as luminal B subtype using our method. The major difference between the ConsensusClusterPlus and PAM50 assignment is that our method identified a large subgroup within the luminal subtypes, which we defined it as mixed luminal, that were classified as either luminal A or luminal B by the PAM50 model. We think the increase in the number of samples, as well as selection of different gene candidates, used in our study helped to distinguish and define three luminal subtypes rather than two. The implication of this distinction is rather profound. Although the mixed luminal breast cancers have similar gene expression profile to the luminal B subtype as seen in Figure 2 , we showed in the next section that the two subgroups vary in their survival outcomes. 
Survival analysis of breast cancer subtypes
We used the Kaplan-Meier method to estimate the survival curves of overall survival (OS), relapse-free survival (RFS) and distant metastasis-free survival (DMFS). The gene expression values were converted to expression status using a modified R script taken from the Kaplan Meier-plotter website (http://kmplot.com/). The survival probabilities were calculated using the survival package [21] . The log-rank test was used to assess the statistical significance of the survival differences. The prognostic significance of our classification relating to breast cancer survival was analyzed using the Cox proportional regression model. The Kaplan-Meier curves were produced using a modified R script taken from http://biostat.mc.vanderbilt.edu/wiki/ Main/TatsukiRcode#kmplot.
We showed in Figure 3 the Kaplan-Meier plots of the OS, RFS, and DMFS of the six subtypes that we determined using consensus clustering. In all three survival endpoints, the luminal A patients had highest survival rates (5-year OS = 86.8%, 5-year RFS = 83.8%, 5-year DMFS = 87.4%), whereas the HER2-enriched had worse outcomes (5-year OS = 67.3%, 5-year RFS = 56.8%, 5-year DMFS = 62.2%). The luminal B breast cancers are widely recognized as high risk [22] [23] [24] , and our analysis showed equivalent results. Similar to basal-like and HER2-enriched breast cancers that had poorer prognosis, the luminal B subtype had greater relative risk of locoregional and distant breast cancer recurrence. 
Consensus hierarchical clustering using function-specific genes and survival analysis
Besides classifying samples according to the expression of genes relating to breast cancer subtypes, we also aimed to identify subsets of patients that might harbor specific expression profiles that could affect their survival outcome. To do this, we used the current knowledge about protein functions and the participation of genes in biological pathways to select specific functions and pathways that might have an effect or are affected by the development and progression of breast cancer. We used databases such as Ingenuity Pathway Analysis (http:// www.ingenuity.com/products/ipa), KEGG (http://www.genome.jp/kegg/), and HGNC (http:// www.genenames.org/) to gather genes participates and/or of the following functions: cadherins, zinc fingers, C2 domain-containing, ion channels, solute carriers, integrins, chemokine receptors, chemokine ligands, receptor kinases, immunoglobulins, CD molecules, homeoboxes, interferons, interferon receptors, interleukins, interleukin receptors, intermediate filaments, histones, chromatin-modifying enzymes, ATPases, glycosyltransferases, phosphatases, metallopeptidases, apoptosis, autophagy, unfolded protein response, oxidative stress response, and epithelial-mesenchymal transition pathway. Consensus clustering was performed as before using ConsensusClusterPlus with same parameters to determine at most six clusters from each or collections of gene sets. Then, these clusters were analyzed for their associations with survival.
Using a P-value cutoff of 0.01, we identified two collections of genes that were statistically significantly associated with survivals: the CD molecules and the cytokines and cytokine receptors. Figure 4 shows the Kaplan-Meier plots of OS, RFS, and DMFS for each of the six CD molecules clusters. In both RFS and DMFS, Cluster 2 (lime green colored) had the best survival outcome, and is made up of mixed luminal, luminal A, HER2-enriched, and normal-like breast cancers as shown in Table 5 . Cluster 3 (dark green colored), which are mainly HER2-enriched and luminal B cancers, and Cluster 4 (magenta colored) consists of basal-like cancers had worse outcomes. We looked into the CD molecules that showed greater expression differences between Cluster 2 (best survival) and Clusters 3 and 4 (worse survival) by computing the Cohen's d effect size statistics [25] . Of the 317 CD molecules analyzed, the 20 genes that had large effect size The second collection of genes consists of 113 cytokines and cytokine receptors. In Figure 6 , the Kaplan-Meier plots showed that Cluster 6 (orange colored) had the worst survival outcome.
It consists of Basal-like, HER2-enriched, and some luminal cancers (see Table 6 ). We again used 
Conclusion and perspectives
Breast cancer is a complex disease comprising different subtypes that may be characterized by the change in expression patterns and/or mutations of few candidate genes. The ability to distinguish breast cancer subtypes using these underlying differences has significant clinical implications as it is one of the variables that affect prognosis and treatment of the disease. There were many studies with goals to classify breast cancer based on the amount of literatures and gene expression datasets available in public domain. However, there is a lack of recent metaanalysis to utilize this collection of data generated by various research groups and institutes over the past 15 years. In this chapter, we presented our effort to employ these high-throughput microarray dataset to perform breast cancer subtyping of 10086 samples.
The breast cancer subtypes that we characterized using consensus clustering of 100 genes and 10086 samples not only confirmed the existence of the four major intrinsic subtypes, that is, Basal-like, HER2-enriched, luminal A, and luminal B, but we also defined a normal-like subtype that consists of cancer samples with similar gene expression profile as that found in normal and adjacent normal breast samples. In addition, we distinguished a group of luminal B-like samples with better prognosis (that we term mixed luminal) from the high-risk luminal B breast cancer.
In addition, consensus clustering of the expression signatures of CD molecules and cytokines and cytokine receptors were associated with survival outcomes. Thirty-three genes showed significant differential gene expression between the classes with best and worse survival rates were identified. The ACKR1 (Atypical Chemokine Receptor 1, CD234 Antigen) and IL6ST (Interleukin 6 Signal Transducer, CD130 Antigen) were found in both gene sets. Kaplan-Meier analysis showed patients with higher expression of either one gene had longer survival time.
Others includes CX3CR1 (C-X3-C motif chemokine receptor 1), CXCL12 (C-X-C motif chemokine ligand 12), CXCL14 (C-X-C motif chemokine ligand 14), IGF1R (insulin-like growth factor 1 receptor), IL13RA1 (interleukin 13 receptor subunit alpha 1), IL6ST (interleukin 6 signal transducer), JAM2 (junctional adhesion molecule 2), and LEPR (leptin receptor) are also genes that had higher expression associating with better outcomes. On the other end of the spectrum are CCL7 (C-C motif chemokine ligand 7), CXCL1 (C-X-C motif chemokine ligand 1), CXCL8 (C-X-C motif chemokine ligand 8), FUT3 (fucosyltransferase 3 (Lewis blood group)), HMMR (hyaluronan mediated motility receptor), and SLC7A5 (solute carrier family 7 member 5) that were overexpressed in patients with lower survival rates. We believe these genes are potential therapeutic targets and diagnostic biomarkers for breast cancer.
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